Predicting Soybean Relative Maturity and Seed
Yield Using Canopy Reflectance Brent S. Christenson, William T. Schapaugh, Jr.,* Nan An, Kevin P. Price, Vara Prasad, and Allan K. Fritz ABSTRACT Optimized phenotyping, the observable characteristics attributed to the interaction between genotype and the environment, using canopy reflectance measurements may increase the efficiency of cultivar development. The objectives of this study were to: (i) assess canopy reflectance as a tool for predicting soybean maturity and seed yield; (ii) identify specific development stages that contribute to maturity and yield estimation; and (iii) test the stability and utility of maturity and yield estimation models across environments. Canopy reflectance, maturity, and seed yield were measured on 20 maturity group (MG) 3 and 20 MG 4 soybean cultivars released from 1923 to 2010. Measurements were conducted on six irrigated and water-stressed environments in 2011 and 2012. Cultivar, environment, and cultivar by environment sources of variation were all significant for maturity, yield, and reflectance. Maturity estimation models were created using the visible, red edge, and near-infrared spectrum as well as normalized difference vegetation index (NDVI) and water index ratios. Yield estimation models using the red edge, near-infrared, and visible NDVI indices explained much of the variation in yield among genotypes. No significant trends were found for canopy reflectance data collected at specific development stages or in different water regimes contributing to more accurate yield estimation; however, later development stages (R5-R6) were more accurate for maturity estimation due to spectral data identifying senescing vegetation. Performance of canopy reflectance models for maturity and yield accounted for a significant portion of variability among genotypes for maturity in some environments and for seed yield in most environments. (Hansen et al., 2002; Pimstein et al., 2007) , corn (Hong et al., 2001; Weber et al., 2012) , rice (Lin et al., 2012) , and cotton (Zhao et al., 2007) grown in both optimal and water-stressed environments. Additional studies have characterized and explored how to incorporate these new models into high-efficiency platforms that would be able to evaluate thousands of genotypes with high resolution data (Walter et al., 2012; White et al., 2012) .
Most of indices correlate plant physiological parameters such as pigment status to grain yield. Indices such as the simple ratio (SR), first used by Jordan (1969) and Rouse et al. (1973) and defined as [R nir /R red ], captured the ratio of near-infrared (NIR) reflectance to red (RED) reflectance or other visible regions of the spectrum (VIS). SR has been shown to correlate well with biomass, leaf area index (LAI), fractional photosynthetically active radiation (FPAR), ground cover, and wheat and soybean yield (Hatfield, 1983; Wiegand et al., 1991; Ball and Konzak, 1993; Price and Bausch, 1995; Ma et al., 2001; Royo et al., 2003; Hatfield and Prueger, 2010) . The NDVI, defined as [(R nir -R red )/ (R nir + R red )], was derived by Deering (1978) and Tucker (1979) to estimate green biomass and intercept photosynthetically active radiation (PAR); the NDVI has been used to predict yield and other plant functions with many crops using hyperspectral and satellite imagery (Wiegand et al., 1991; Peñuelas et al., 1997; Ma et al., 2001; Shanahan et al., 2001; Royo et al., 2003; Prasad et al., 2007a Prasad et al., , 2007b Marti et al., 2007) . Shanahan et al. (2001) successfully predicted yields in corn in Nebraska using the Green NDVI (GNDVI). Researchers found that normalizing the green and NIR relationship was highly correlated with grain yield, explaining 70 to 92% of yield variability at mid-grain fill (Shanahan et al., 2001) . Ma et al. (2001) found that defining GNDVI as [(R 613 -R 559 )/(R 613 + R 559 )] explained up to 80% of yield variation among soybean genotypes. Mourtzinis et al. (2014) found that using the red edge together with other variables such as planting date increased the accuracy of predicting soybean yield. The photochemical reflectance index (PRI), defined as [(R 550 -R 531 )/(R 550 + R 531 )], captures the normalized difference between the major green wavelength reflectance of the plant canopy and leaves, which can be used to quantify radiation use efficiency (Gamon et al., 1992) . Trotter et al. (2002) and Garbulsky (2011) used the PRI to assess nitrogen use efficiency and radiation use efficiency to distinguish genotypes that were superior to checks. These indices have been used to estimate yield in various environments.
Other indices have focused on biophysical parameters, such as water content and leaf area. Leaf area index (first used in satellite imagery by Tucker and Sellers, 1986 ) was developed to predict vegetation parameters such as green biomass and green leaf area in wheat (Babar et al., 2006a (Babar et al., , 2006b . The LAI measures the potential of the plant to capture PAR in most crop species (Clevers, 1997) . Aparicio et al. (2002) determined that LAI played a large part in plant function and correlated with yield prediction. The water index (WI) has also been developed to relate reflectance measurements at 850 and 970 nm with bread and durum wheat yield (Royo et al., 2003; Gutierrez et al., 2010) . The WI focuses on the water-absorption bands within the NIR spectrum and capture relative water content based on absorption strength of water within the plant leaves. These indices are easy to calculate and give researchers a way to handle the large datasets associated with such research; however, indices tend to be environment-specific and have low correlation outside of the datasets used to create them (Ma et al., 2001; Gutierrez-Rodriguez et al., 2004; Prasad et al., 2007a; Gutierrez et al., 2010) . Therefore, complex models that use more of the light spectrum need to be developed to capture the necessary variation in yield across different environments and crops (Pimstein et al. 2007; Weber et al., 2012) .
High-yielding cultivars tend to have prominent biophysical and biochemical properties such as increased chlorophyll, plant health characteristics, and increased photosynthetic capacity that make distinguishing these genotypes using spectral indices unreliable (Baret and Guyot, 1991; Aparicio et al., 2002; Pimstein et al., 2007) . Because of limitations associated with index models to differentiate genotypes due to physical and biochemical parameters such as biomass saturation, dense canopy, high LAI, and high chlorophyll levels, full-spectrum models have been considered for yield estimation. These models have not been utilized, however, because of overfitting and collinearity concerns from the large number of predictors and the typically small sample sizes associated with spectral research (Pimstein et al., 2007) . The main approaches used to meet the challenges of hyperspectral data analysis focus on reducing the correlation between predictor variables. One approach is principal component analysis (PCA). PCA has been used by researchers to build yield prediction models that explain 70 to 90% of the yield variability in maize (Hong et al., 2001; Chang et al., 2003) and 39% of the yield variability among soybean genotypes (Hong et al., 2001) . Using six bands, regression explained almost 95% of the variability within maize yield (Hong et al., 2001) . Another approach (artificial neural network analysis) was used in soybean to build prediction models that explain 46 to 81% of the yield variability in soybean and 42 to 77% in corn (Kaul et al., 2005) . Researchers also determined that resampling the dataset to 10-nm intervals reduced the noise within the spectra associated high collinearity and band to band variation (Lin et al., 2012) . Multivariate analysis is new to precision phenotyping research but has the potential to create yield prediction models and explain other important phenotypic parameters.
Partial least squares regression (PLS) has been used for data pretreatment and variable reduction before performing multiple linear regression techniques (Wold, 1966) . Like PCA, PLS extracts successive linear predictors of y called latent variables or factors. The new variables aim to assess canopy reflectance as a tool for determining soybean maturity and seed yield, (ii) identify specific development stages that significantly contribute to maturity and yield estimation, and (iii) test the stability and utility of maturity and yield estimation models across varying environments.
MATERIALS AND METHODS

Location and Experimental Design
This study was conducted on soybean [Glycine max (L.) ). Cultivars were planted in both well-watered (Irr) and water-stressed (Dry) environments that were arranged in four randomized complete blocks (e.g., A-Irr indicates the well-watered growing environment at Location A). However, plots at Location C were later designated as C-Irr-1 and C-Irr-2 after an irrigation system failure caused the dryland plots to receive some irrigation water. In both years, weed pressure and soil fertility within the plots were not limiting factors on soybean development and growth. Flood irrigation was applied in furrows to the wellwatered environments starting at reproductive stage R1 and this irrigation continued weekly until R6 (Fehr and Caviness, 1977) . In 2011, no supplemental irrigation was applied to the water-stressed environments. Due to extremely dry conditions, irrigation was applied once in 2012, shortly after R1, to ensure crop development in the water-stressed environments.
Phenotypic Traits
Maturity, height, lodging, and seed yield were measured on all plots during both growing seasons. Maturity was recorded as the date when 95% of the pods had reached mature plant color (development stage R8). Height (cm) was measured as the distance from the base of the plant to the top of the main stem. Lodging was scored on a scale of 1 to 5, based on the number of leaning or broken plants. Upright plants (no lean) were scored as 1; other scores were 2 = 20° lean, 3 = 45° lean, 4 = 60° lean, and 5 = flat on the ground. The center two rows of each plot were explain response variation and predictor variation; models are selected based on balancing these two goals. Hansen et al. (2002) compared three different PLS methods and concluded the nonlinear method was the most consistent for yield and protein content estimation in wheat and barley, which explained up to 75% of the variation in protein content and up to 97% of the variation in yield. Using different water regimes, Weber et al. (2012) similarly found that PLS explained a maximum of 40% of the variability within corn yield, and prediction models explained more variability in water-limited environments than in non-water-limited environments. Lin et al. (2012) used orthogonal projections to determine the latent structures in PLS in rice and distinguished the performance of three cultivars with 90% accuracy.
Cultivars in a breeding program are selected based on comparative performance; however, special attention and consideration must be given to cultivar maturity. Breeding trials to measure yield may use maturity checks to group and evaluate experimental lines to reduce yield bias associated with maturity. For example, Rincker et al. (2014) found that genetic gains for yield in soybean maturity group (MG) 3 and MG 4 cultivars increased by 22.8 and 19.5 kg ha -1 yr
, but when yield genetic gains were adjusted for maturity differences among cultivars, the gains decreased by 3.1 and 1.4 kg ha -1 yr -1 among MG 3 and MG 4, respectively. Maturity also affects the spectral reflectance response curves observed from soybean. Christenson et al. (2014) observed that among MG 3 and MG 4 cultivars, significant relationships were observed between maturity and the VIS, RED (700 to 730 nm), and NIR portions of the spectra. The authors also found that the release year of the cultivar accounted for a significant portion of the variation in seed yield (R 2 = 0.82 for MG 3, and R 2 = 0.86 for MG 4). They concluded that the relationship between cultivar maturities and the reflectance spectra as well as release year of the cultivars and reflectance spectra were very similar to suggest maturity influences the spectra significantly along with yield. Accounting for crop maturity, height, and lodging first in a regression model dramatically decreased the amount of variation in the reflectance spectra among cultivars accounted for by cultivar release year (Christenson et al., 2014) . These findings indicate that maturity may be a major contributing factor to results of both soybean seed yield and canopy spectral reflectance.
While much is known about the capability of reflectance measurements to evaluate plant phenotypes, more robust models are needed to expand the use of the technology in applied breeding programs, and estimations of maturity need to be integrated into the yield prediction process. The goal of this study was to develop statistical models for determining soybean maturity and estimating seed yield using canopy reflectance measurements. The specific objectives were to (i) mechanically harvested using a two-row plot combine, and seed yield was recorded as kg ha -1 adjusted to 13% moisture.
Canopy Reflectance Measurements
Canopy reflectance was measured using an ASD LocationSpec 3 spectroradiometer (Analytical Spectral Devices, Boulder, CO). Solar radiation reflecting from the plant canopy was captured from 350 to 2500 nm in the electromagnetic spectrum using fiber optics with a 25° field of view. Sampling intervals were of 1.4 nm from 350 to 1050 nm and of 2 nm from 1050 to 2500 nm. Moving averages were calculated automatically to achieve 1-nm-width continuous bands. A Spectralon (Labsphere, Inc., North Sutton, NH) reflectance panel was used to calibrate the spectroradiometer with a dark current and white reference every 40 plots or when needed (this ranged from every plot to 40-plot intervals, depending on location conditions) and to create reflected light percentages. The sensor was mounted on an adjustable monopod pole and held vertically, approximately 1 m above the canopy, to achieve approximately a 50-cm diameter collection area. Two measurements were taken per plot on the second and third rows, excluding the first meter of each plot to eliminate border effect. Each measurement was the average of 10 scans, which was calculated automatically. Spectral data were collected on nearly cloud-free days within two hours of solar noon. Canopy reflectance data were collected weekly from R3 to R6 in 2011 and from R2 to R6 in 2012. In 2011, there were four collection dates (both MGs) in environment A-Irr (28 July, 10 Aug., 18 Aug., 2 Sept.) and three dates in environment A-Dry (28 July, 10 Aug., 18 Aug., 2 Sept.). In 2012, there were four collection dates for MG 3 in environment B-Irr (17 July, 24 July, 9 Aug., 17 Aug.), five collection dates for MG 4 in environment B-Irr (17 July, 24 July, 9 Aug., 17 Aug., 20 Aug.), and four collection dates for MGs 3 and 4 in environment C-Irr-1 (24 July, 8 Aug., 15 Aug., 29 Aug.). Also in 2012, there were three collection dates (both MGs) in environment B-Dry (24 July, 9 Aug., 17 Aug.) and two collection dates in environment C-Irr-2 (8 Aug., 15 Aug.).
Data Pretreatment
Spectral reflectance data (350 to 2500 nm) were initially trimmed to 400 to 1310 nm to eliminate the noise from atmospheric absorption regions focused around the water absorption wavebands in the infrared and the atmospheric scatter of blue color in the ultraviolet portion of the spectrum. An outlier control was implemented on the raw data from each observation day before averages and totals were calculated. After outliers were excluded, the data were combined to form 10-nm means to reduce the dataset size and eliminate some of the collinearity associated with hyperspectral reflectance wavebands in close proximity (De Jong, 1993) . Combined bands contain less variation from sample to sample than single-band measurements (Lin et al., 2012) , and due to the high correlation with wavebands in close proximity, minimal information is thought to be lost due to waveband combination.
DATA ANALYSIS Analysis of Variance
The MIXED procedure of ANOVA was performed in SAS 9.2 (SAS Institute, 2008) . Cultivar and environment were treated as fixed effects, and replication nested within the environment was treated as a random effect for yield and agronomic traits. For hyperspectral data, development stage observations were treated as a fixed effect, and replication nested within development stage observation was treated as a random effect for environment and full-season analysis. Environment was classified as location and water treatment. Individual development stage observations that failed to detect significant differences in reflectance among cultivars for waveband regions were eliminated from further analysis, and only observation days with significant differences among cultivars for waveband regions were used for least squares means calculations and modeling.
Partial Least Squares
A nonlinear iterative partial least squares algorithm (PROC PLS in SAS 9.2), with ten repeats of random cross-validation and 15 factor levels, was used for outlier identification, pretreatment, and predictor variable selection on the data from 2011 and 2012. The predicted residual sums of squares (PRESS) were used for model selection. This algorithm (NIPALS vs. SIMPLS, De Jong, 1993) was chosen because of the high dimensionality and nonlinear nature of the hyperspectral data. Random 10-fold cross-validation was chosen because of the small sample size compared with the number of predictors and the lack of a true validation dataset for validating built models, and the maximum factor number was set at 15, which is the number allowed by SAS for the dataset used. The optimized factor number was selected when the PRESS statistic was most minimized (Wold, 1966) .
Pretreatment Before Modeling
Because modeling assumptions of normality were not met, it was necessary to auto-scale spectral data and dependent variables before PLS analysis (Harshman and Lundy, 1994) . The data were mean-centered and auto-scaled for each analysis. Mean-centering and scaling eliminates bias within the bands to ensure even weighting of band magnitude, so the analysis is focused on the variance (Hansen et al., 2002) . Auto-scaling is calculated as the inverse of the standard deviation for each variable [1/(SD)].
Predictor Variable Selection
Hyperspectral band regions from 2-yr means and individual environments that most significantly contributed to maturity and seed yield estimation were determined using partial least squares regression (PLSR). In total, 91 10-nm band regions from 400 to 1310 nm were analyzed for variable importance and selected for further analysis through traditional least and calculated indices models. Models were validated on individual observations, environments, and maturity group for reliability and robustness. squares multiple linear regression (MLR). This procedure was done to extract exact band regions contributing to maturity and seed yield estimation, which is not possible in PLS models. Variables were determined to be important through variable importance within projection plots (VIP), which were created through a macro in SAS. The criterion limit of 0.8 was used as a cutoff point to indicate variables that contributed significantly to maturity and seed yield estimation (Wold, 1966) . Band regions were selected when they were concluded to be highly important and grouped within a strong spike of importance across environments, such as in SNP or QTL analyses. Due to collinearity issues, band regions that significantly contributed to maturity and seed yield estimation and were close to each other were combined for final analysis.
Multiple Linear Regression
Models for maturity and yield estimation were built using band regions selected through PLSR using PROC GLM SELECT in SAS 9.2. Cultivar means from both maturity groups for each of the six environments were used to create the training model. Cultivar means from both maturity groups across all environments as well as cultivar means for individual observation days in each environment were used as validation data. Reflectance indices were also created using the selected band regions. All singular visible band regions were used with other singular NIR band regions to create all possible combinations of NDVI, and the three NIR band regions around the water absorption regions (900 to 990 nm) were used to create water indices (Table 1) . For variable selection, stepwise with forward and backward elimination was used with 0.1 a for variable entry and exit criterion. Due to the small sample sizes, full n-1 cross-validation ( jack-knife) was utilized instead of training and validation datasets. Model selection was completed when the predicted residual sums of squares (PRESS) statistic and Mallow's Cp statistic were fully minimized. The selected b parameter estimates were then exported into PROC REG (SAS 9.2) for goodness of fit tests. The variable inflation factor (VIF) was used when modeling the waveband regions to determine multi-collinearity between parameters, and a selection value of greater than 10 was used to determine multicollinearity. If a parameter had a VIF greater than 10, it was eliminated from the possible variables, and the models were re-optimized. The combination modeling of waveband regions and indices were not subjected to collinearity testing because most indices containing similar bands are naturally highly correlated with each other, which causes significant collinearity.
Models were created for maturity and yield estimation using environmental (n = 220) least squares means with maturity groups kept together for waveband region models 
RESULTS AND DISCUSSION Genotypic Performance in MG 3 and MG 4 Yield and Spectra
A wide range in mean seed yield was observed in both maturity groups (Christenson et al., 2014) . At Locations A and B, seed yields were significantly greater in the irrigated treatments than in the water-stressed treatments (Table 2) . At Location C, the flood irrigation system at early pod-fill failed to shut down at the appropriate time, and excess water from the irrigated plots inadvertently irrigated the dryland plots, thus the two environments at Location C were designated as C-Irr-1 and C-Irr-2. Because of timely rainfall events from that point on in the growing season, yields in these two irrigated environments were not different. Differences in yield, maturity, lodging, and plant height were observed among cultivar and environment means, and the relative performance of the cultivars for these traits differed across environments in both maturity groups (Table 3) . Differences (P < 0.05) were detected in reflectance for selected waveband regions among cultivars for each observation day and development stage in both maturity groups (Table 4 ). In both MG 3 and MG 4, the VIS (400 to 700 nm) and red edge (701 to 730 nm) had consistent differences among cultivar, whereas the NIR (731 to 1310 nm) was not as consistent in reflectance response within and among genotypes. Reflectance of MG 3 cultivars in environment B-Irr on observation days R3 and R3-R4 was highly inconsistent, with only the 550-nm and red-edge wavebands producing significant differences among cultivars.
Reflectance of MG 4 cultivars in environment B-Irr on observation days R2-R3 and R4 as well as in environment C-Irr-2 on days R3 and R4 produced no significant differences among cultivars, resulting in the elimination of these development stage observations from maturity and yield models. This lack of difference among cultivars may have been due to severe lodging observed in these environments. Also, the spectral data were influenced by soil such that the radiometer sensed variables other than plant vegetation to produce inconsistent reflectance readings in the red and near infrared ranges.
Results from individual environment ANOVA analyses were similar to that of the development stage analyses, with significant differences in spectral readings detected among cultivars for both MGs (Table 5 ). The most consistent differences among cultivars were observed for the VIS, red edge, and NIR wavebands. In all environments, differences in reflectance readings were noted among observational days for most of the spectral parameters; however, in situations when the Cultivar × Day interaction was significant, cultivar tended to be a larger portion of the variation in reflectance than the Cultivar × Day interaction. This indicated that the relative performance of the cultivars tended to be similar among observation days.
The ANOVA results for overall environment means (six environments) produced highly significant differences among cultivars and environment main effects, whereas only a few wavebands had significant Cultivar × Environment interactions (Table 6 ). These results suggest that most of the phenotypic variation in reflectance was due to cultivar (genotypic) differences. The contribution of the Cultivar × Environment interaction to total phenotypic variation suggests spectral data may be robust across environments, making it a candidate for an indirect selection technique. Reynolds et al. (2009) suggested the interaction between Table 2 . Seed yield by environment and range in yield among soybean MG 3 and MG 4 cultivars grown in environments consisting of two different water regimes at three locations. ** Significant at the 0.01 probability level. † Env, environment; A through C, study location; Irr, well-watered with irrigation; Dry, dryland with no irrigation; 1, first irrigated environment; 2, second irrigated environment. ‡ NS, significance level P > 0.05. Source ‡ df  415  550  680  715  915  940  990  1100  1140  1245 1300 ** Significant at the 0.01 probability level. † Env, environment; A through C, study location; Irr, well-watered with irrigation; Dry, dryland with no irrigation; 1, first irrigated environment; 2, second irrigated environment. ‡ C, cultivar; D, day of observation.
genotype and environment stability as a major factor for use in evaluating any new phenotyping technique.
Waveband Selection for Yield and Maturity
Using PLSR, portions of the spectra significantly contributed to yield and maturity estimation among MG 3 and MG 4 cultivars (data not shown). The wavebands that contributed significantly to yield estimation also contributed significantly to maturity estimation in individual environments as well as grand means using PLSR. Because of this phenomenon, waveband selections were made based on the yield estimation PLSR models. This was done to decrease overall complexity of the modeling and increase reproducibility to other spectral platforms.
In 2011, MG 3 in environment A-Irr had the highest significances for yield estimation from the visible and rededge portions, with a sharp decrease at the beginning of NIR and a significant increase from 775 to 955 nm. For environment A-Dry, variable importance was similar to that of environment A-Irr, but a decrease in the blue (400 to 500 nm) portion of the spectra was observed, and no significant peaks were observed from 1035 to 1095 nm.
For MG 3 in environment B-Irr, the VIS and NIR spectra had highly significant portions for yield estimation; the red edge was the most significant, followed by the green and red wavebands. A spike in NIR was observed around 915, 1100, and 1165 nm, and there was a sharp peak in the early blue portion of the spectra. For MG 3 in environment B-Dry, the VIS and NIR had highly significant regions above the 0.8 threshold, with a sharp decrease in importance in the NIR portion up to 1165 to 1305 nm. The red-edge portion was the most significant, as in the A-Irr environment.
Reflectance of MG 3 in environment C-Irr had high peaks of significance in the VIR, but these peaks were not as strong as those in locations A and B. There was a sharp increase in the red edge and slight peaks from 915 to 1005 nm and from 1165 to 1305 nm in the NIR. Data from environment C-Irr-2 mostly mirrors those measured in environment C-Irr-1, with a sharp peak in the green waveband (550 nm). Compared with C-Irr-1, reflectance data from environment C-Irr-2 displayed a sharp increase in the early blue region, and the red edge was the most significant for yield estimation.
Reflectance of MG 4 in environment A-Irr showed low significance in the blue region, and a sharp increase in the green region was observed, with 550 nm being the highest significance for yield estimation in the green. The red portion of the spectra was not as significant as the green or as in the MG 3 cultivars; overall, however, the red edge was the most significant region for yield estimation, which was similar to trends for MG 3. Significance at the beginning of the NIR region decreased sharply, but the rest of the plateau region (735 to 910 nm) was significant. MG 4 in environment A-Dry had an increase in significance in the blue region compared to data in A-Irr; but similar to the A-Irr environment, green was the most significant region of the VIS. The red edge was significant, as for MG 3 and MG 4 in the A-Irr environment; however, no significant NIR regions were observed for MG 4 in the A-Dry environment.
In MG 4 in the B-Irr and B-Dry environments, meaningful portions of the spectra in the blue, green, red, and red edge were observed, as well as some portions of the NIR. For the B-Irr environment, the early blue, green, red, and the red edge were the most useful for yield estimation, as well as a slight peak in reflectance at 1305 nm. For the B-Dry environment, reflectance in the early blue, green, and red edge wavebands were the most highly significant, similar to the B-Irr environment; however, the red portion of the spectra and the NIR had lower significance levels than the B-Irr environment. In the NIR, significant peaks at 765 to 945 nm and a slight, but significant peak from 1065 to 1105 nm were observed in the B-Dry environment that were absent in the B-Irr environment.
For the MG 4 cultivars, no optimized model was found for the C-Irr-2 environment. This may have been the result of a limited two readings taken in that environment, but it was most likely caused by a high degree of lodging in the MG 4 cultivars that would have negatively impacted the quality of the reflectance data. The C-Irr-1 environment, however, had significant regions in the VIS and red edge as well as most of the NIR (with the exception of 1005 to 1125 nm wavelengths). Overall, the most significant portions of the spectra across all experiments were the visible and red-edge portions of the spectra. The green region around 550 nm and the red region around 675 to 695 nm were the most significant portions of the visible spectra. In the red edge, the most significant region was from 705 to 715 nm. The NIR was highly influenced by environmental factors and was inconsistent in significance for yield estimation across environments. This result is most likely due to atmospheric scatter and observational day conditions influencing the spectra. Band regions for final yield modeling were selected based on significance to yield estimation through importance in projection values in all environments in both maturity groups. Selected portions of the spectra that were close to each other were combined to form 11 spectral regions used for further yield modeling. The final bands used for modeling were 415 nm (400-430 nm), 550 nm (530-570 nm), 680 nm (670-690 nm), 715 nm (700-730 nm), 915 nm (910-920 nm), 940 nm (930-950 nm), 990 nm (980-1000 nm), 1100 nm (1090-1110 nm), 1140 nm (1120-1160 nm), 1245 nm (1240-1250 nm), and 1300 nm (1290-1310 nm). Other spectral regions exhibited variable importance values over the 0.8 criterion, but were not selected due to fears of high multicollinearity between bands and over-fitting due to more predictor variables than the sample size (n = 20).
---------------------------------------------------nm ---------------------------------------------------
The region from 405 to 435 nm has been correlated with high chlorophyll a and b content as well as beta-carotene absorption (Chappelle et al., 1992) . Lower reflection values in this region are due to high absorption of light by both forms of chlorophyll and beta-carotene. Peñuelas et al. (1995) also created a normalized phaeophytinization index that related senescence to reflectance around 415 and 435 nm.
The visible green region from 535 to 565 nm has high reflection due to chlorophyll a and b reflecting green light. Chappelle et al. (1992) found that chlorophyll a and b inside soybean leaves most reflected the 550-nm region, and that this waveband could be used in a ratio with 675 nm to explain 93% of the variation in chlorophyll content between soybean leaves and could be related directly to photosynthetic capacity. Also, 550 nm has been used to explain 92% of yield variability in wheat yields (Royo et al., 2003) . Ma et al. (2001) also used 559 nm alone as well as in a ratio with 613 nm to explain 13 to 80% of the variation in yield in soybean genotypes.
The middle of the red depression region (675 to 685 nm) has been correlated with chlorophyll absorption in soybean (Chappelle et al., 1992) . The lower-yielding varieties had higher reflectance in this region, suggesting a lower amount of chlorophyll or inefficiency of the chlorophyll, which resulted in lower yields in soybean (Ma et al., 2001) , corn (Weber et al., 2012) , and wheat (Royo et al., 2003) .
The red-edge inflection point (705 to 745 nm) is the sharp increase in reflection values because of the transition from the visible red region to the high-reflection NIR portion due to cellular scatter. This inflection point has been used to distinguish plant health and yield, with healthier plants having large contrasts between red and NIR (Gitelson et al., 2011) .
The 915-nm waveband region had a high reflection value in the spectra and has been associated with chlorophyll content measurements. Zhao et al. (2007) found that ratios using 551 and 915 nm as well as 708 and 915 nm accounted for 67 to 76% of the variability within chlorophyll content between cotton genotypes; however, Gitelson et al. (2003 and found that the best waveband regions to estimate chlorophyll in higher plants were from 525 to 585 nm and 695 to 725 nm. The 915-nm region also has been used for total biomass prediction in bermudagrass, accounting for 29.8 to 44.3% of the biomass variation (Starks et al., 2006) . Marti et al. (2007) found total biomass had a strong correlation with wheat yield (r = 0.97).
Reflection in the 940-nm region has been used in chlorophyll meters (SPAD, Minolta Osaka Co., Ltd., Japan) to capture nitrogen status and chlorophyll content of crops (Blackmer et al., 1994) . Vollmann et al. (2011) found a significant correlation with SPAD-502 readings (ratio between 650 nm and 940 nm) and 1000-seed weight in soybean. High reflection values were also observed from 985 to 995 nm and from 1135 to 1155 nm, with higher-yielding genotypes tending to have higher reflection. Wenjiang et al. (2004) found that wavebands selected through regression techniques for winter wheat total foliar nitrogen content were around regions 1000 to 1140 nm (r = 0.83) and 1200 to 1300 nm (r = 0.51).
The 1240-nm region of the spectra has been correlated with water content of the leaf in many crops (Peñuelas et al., 1993; Gao, 1996; Datt et al., 2003; Gutierrez et al., 2010) . Moreover, lower values in the 1150-1260-nm region have been associated with higher water content (Sims and Gamon, 2003) . Prasad et al. (2007b) concluded that indices using water content bands had higher heritability and could distinguish higher-yielding genotypes more consistently than vegetationbased indices in wheat. Higher values in these regions correlate to higher-yielding varieties in corn, but no physiological characteristics have been associated with these regions (Weber et al., 2012) . Researchers have been able to characterize plant water status and stress through the preferential absorption of water, and more specifically the hydroxyl ions within the electromagnetic spectrum (Peñuelas et al. 1993 (Peñuelas et al. , 1997 Gao, 1996; Serrano et al., 2000) . The NIR (730-1300 nm) and middle infrared (1300-2500 nm) regions have correlated well with water status of plants, and wavelengths of 970, 1240, 1400, and 2700 nm have been proposed as absorption bands indicative of water status (Tucker, 1980; Peñuelas et al., 1993; Gao, 1996; Zarco-Tejada et al., 2001; Gutierrez et al., 2010) . Peñuelas et al. (1993) first developed the WI, defined as [R 970 /R 900 ], to predict water stress, and WI was found to strongly correlate with the relative water content of plants. The normalized difference WI, proposed by Gao (1996) , defined as [(R 860 -R 1240 )/(R 860 + R 1240 )], has been used to evaluate water stress in corn and soybean (Jackson et al., 2004 ) with favorable results. Babar et al. (2006a) proposed normalizing the WI, using the wavelengths 970, 900, and 850 nm, and found it useful for screening wheat genotypes for water stress and water use efficiency (Gutierrez et al., 2010) . Prasad et al. (2007a) also normalized the WI, using the wavelengths 970, 920, and 880 nm to screen winter wheat lines under dryland conditions (Gutierrez et al., 2010) . These authors propose the normalization of the WI provides added genotypic variation explanation. However, Gutierrez et al. (2010) found that the normalized WI using wavelengths 970 and 880 nm proposed by Prasad et al. (2007b) was the only index sufficient for predicting water stress within environments.
Correlations between Agronomic Traits and Spectral Reflectance
Strong relationships were observed between seed yield, maturity, lodging, height, and selected spectral reflectance wavebands and calculated indices. Among MG 3 cultivars, the VIS, excluding the 415-nm waveband, NIR, GNDVI, RNDVI, RENDVI, and WI_1 and WI_2 have strong relationships (P < 0.01) with seed yield as well as maturity (Fig. 1A) . As the VIS reflectance and calculated water indices decreased in value, yield and maturity increased. As the NIR and other calculated vegetation indices increased, seed yield and maturity increased. These patterns also have been observed in other research in wheat, corn, and rice (Reynolds et al., 1999; Lin et al., 2012; Weber et al., 2012) . Lodging and plant height were observed to increase as reflectance in the VIS and NIR and WI_2 and WI_3 increased in value; while lodging and plant height decreased with increases in BDNVI, GNDVI and RENDVI values. These results could be due to the association between the NIR portions of these indices and biomass accumulation (Weber et al., 2012) . The RNDVI had no significant relationship to lodging or height among MG 3 cultivars.
As in the analysis of MG 3 cultivars, VIS reflectance and calculated water indices decreased in value among the MG 4 cultivars as yield and maturity increased; and yield increased as the NIR and GNDVI, RNDVI, and RENDVI vegetation indices increased (Fig. 1B) . However, the relationships between maturity and spectral, and indices parameters were stronger in MG 3 cultivars than observed in MG 4 cultivars, suggesting maturity played a larger role in spectral reflectance values among MG 3 cultivars. Lodging and plant height also have significant relationships, with spectral parameters in the VIS and calculated indices. However, plant height tended to exhibit stronger relationships with the VIS and calculated indices than lodging, suggesting that plant height may be a more significant influence on spectral reflectance among MG 4 cultivars than lodging.
These results are consistent with previous research findings that lower reflection values in the red region of the spectra correlates with higher grain yields (Weber et al., 2012) . Chang et al. (2003) found similar patterns in correlations between VIR and NIR bands and corn yield; however, they found that in early sampling dates, the NIR had a negative correlation with yield, whereas positive correlations were observed in this study. They concluded that negative correlations were due to soil reflectance confounding the visible red region of the spectra. Lodging and plant height relationships with spectral parameters were not as significant as those of seed yield and maturity. The VIS, NIR, and water indices had a strong positive relationship (P < 0.05) with lodging, whereas the GNDVI and RENDVI had significant negative correlations with lodging. Height also had a significant positive relationship with the VIS spectral parameters but no relationship with the NIR. As with lodging, the GNDVI as well as RENDVI had strong negative (P < 0.05) relationships with plant height. These results indicated that seed yield and maturity have the strongest relationships with spectral parameters, and these agronomic traits tend to follow the same pattern of relationships throughout the spectral parameters, suggesting that these traits are also linked to each other and could be confounded. The relationship with seed yield for these reflectance indices is consistent with observations made by many researchers, specifically in corn, where GNDVI was highly correlated with grain yield in Nebraska (Shanahan et al., 2001) . The relationship also applies to soybean (Ma et al., 2001 ) as well as radiation use efficiency and nitrogen use efficiency (Gamon et al., 1992; Trotter et al., 2002; Garbulsky 2011) .
Maturity Model Development and Validation
It is necessary to evaluate relative maturity and group cultivars based on relative maturity to efficiently select the most promising genotypes without potential bias. Christenson et al. (2014) found that maturity has significant influence on spectral reflectance and yield of soybean, accounting for 62% of the yield variability in seed yield among MG 3 cultivars studied. In this study, relative maturity, expressed in days after planting (number of days from planting to R8), was used as a dependent variable, with reflectance parameters used as predictor variables to create models based on spectral reflectance to estimate maturity in breeding programs. Two models were created using only the selected wavebands using PLS and calculated vegetation indices using selected observation day environmental means, based on genotypic differences, in both maturity groups (n = 220).
Using multiple linear regression with forward-backward stepwise, cross validation, and information criterion (Cp, AIC, AICC, BIC) selection, statistical models with waveband and calculated indices were created (Fig. 2 ). The waveband model was selected using reflectance at 550, 680, 715, 915, 990, and 1140 nm. The model fit the data well (P < 0.01) and explained 50% of the variability in maturity among cultivars (R 2 = 0.50), with a root mean square error (rMSE) of 5.19 d. In the model, wavebands of 680 and 715 nm accounted for the most variation, with 550 and 1140 nm accounting for the least variation among cultivars (data not shown). The model created using the calculated indices GNDVI_4 (550 and 1140 nm), RNDVI_3 (680 and 990 nm), and WI_1 (940 nm/915 nm) was not as efficient as the waveband model, accounting for 43% of the variation in maturity among cultivars and an rMSE of 5.51 d; however, the model was still highly significant (P < 0.01). The index RNDVI_3 accounted for the most variation in maturity, and GNDVI_4 accounted for the least within the model (data not shown). Although the models used different predictor variables, the wavebands used in the waveband model also are expressed in index form, with the exception of 715 nm. Comparing observed maturity to estimated maturity shows a greater range in observed maturity. The 550-nm region has been used extensively as a singular waveband, as well as in a GNDVI index to estimate yield, radiation use efficiency, nitrogen use efficiency, chlorophyll status, and overall plant health (Chappelle et al., 1992; Gamon et al., 1992; Ma et al., 2001; Shanahan et al., 2001; Trotter et al., 2002; Royo et al., 2003; Garbulsky 2011) . The red (680 nm) and RNDVI have been the most widely used band regions for NDVI calculation, with the red associated with chlorophyll absorption in soybean (Chappelle et al., 1992; Morrison et al., 1999; Ma et al., 2001) , corn (Weber et al., 2012) , and wheat (Royo et al., 2003) , as well as many other crops. The red edge (715 nm) has been characterized for overall plant health, with senescing plants shifting to higher reflection values, closer to the red region of the spectra, in the red edge and decreasing plant function (Gitelson et al., 2011) . The regions around 915 and 1140 nm have been correlated with biomass and are good indicators of membrane integrity and cellular stability (Starks et al., 2006; Zhao et al., 2007; Marti et al., 2007; Gutierrez et al., 2010; Weber et al., 2012) . The region around 990 nm also has been associated with plant function and status, but no known physiological function has been associated with this waveband region.
Validation of the maturity estimation models was performed using the intercept and b parameters for each variable in the final model (Fig. 2) and creating maturity estimations for each development stage cultivar mean, environment means, and maturity group mean (n = 20). Estimates were based on the reflectance for each cultivar in that grouping; i.e., maturity was estimated for MG 3 in A-Irr by using the mean spectral (n = 20) reflectance for each MG 3 cultivar in the A-Irr environment (Table 7) . Overall, the validation and utility of both maturity estimation models were mixed. For both models within both maturity groups, the estimation models performed better using only data collected in the later reproductive development stages, or environmental averages, rather than data collected from earlier reproductive development stages. These observations are not surprising because later development stages are closer to cultivar maturity, and environment totals captured the entire reproductive development phase of the plant. There were also no discernible differences in model accuracy between well-watered and water-stressed environments despite the fact that the range in maturity among genotypes was greater in well-watered environments than in the water-stressed environments (37 d vs. 28 d for MG 3 and 34 d vs. 21 d for MG 4).
Among MG 3 cultivars, the best validation of the maturity models was observed in 2011 (Table 7) . For most observation days and environmental totals, no statistical difference was observed between the waveband and index models; however, the waveband model performed better for maturity estimation for MG means than the index model (R 2 = 0.50 as compared to R 2 = 0.40). The models also performed better among MG 3 cultivars than among MG 4 cultivars, which may be due to the high association of wavebands and indices with maturity among MG 3 cultivars compared with MG 4 cultivars (Fig. 2) . Among MG 4 cultivars, most of the observation days showed no association between estimated maturity and observed maturity. Also, as among MG 3 cultivars, the only differences in model performance was observed for the MG means, with the waveband model fitting the data and having better association with observed yield than the index model. Maturity (R8) is highly dependent on genotype, environment, and management. Plant stresses during the later portions of the growing season could change the physiological status of the plant enough that early observation dates are ineffective at estimating relative maturity. Also, spectral observations in this study were not taken later than R6, so monitoring reflectance between R6 and R8 may be necessary to fully evaluate and more accurately classify the relative maturity of cultivars.
Yield Model Development and Validation
Selected observation days from the individual environments were combined into a single dataset with both maturity groups and used to build the final training models for yield estimation. Datasets were means of each environment (n = 220) calculated from singular observation day data, excluding all days without significant differences among cultivars. Models were created using only selected wavebands and calculated indices based on these wavebands, resulting in two overall models. The summary statistics and equations for the two yield estimation models are presented in Table 8 . The waveband model explained 44% of the variability in seed yield among cultivars using waveband 715 and 915 nm with an rMSE of 814 kg ha -1 and a dependent yield mean of 3208 kg ha -1
. The red-edge region at 715 nm explained 15% of the variability in seed yield among cultivars, whereas reflectance at 915 nm explained 29% of yield variability. In the training model, the b parameter estimate for the 715-nm waveband was negative, indicating that cultivars with high values for 715 nm had decreased yields. This result is consistent with Table 7 . Soybean maturity and yield estimation model validation by development stage, environment, and maturity group. previous research findings that lower reflection values in the red region of the spectra correlate with higher grain yields (Weber et al., 2012) . The 915-nm waveband had a positive b parameter, which was consistent with previous research that showed that increases in the 915-nm waveband region resulted in increased yield (Reynolds et al., 1999; Lin et al., 2012; Weber et al., 2012 ). The index model was more complex than the waveband model and explained 58% of the variation in seed yield among cultivars, with the BNDVI_4 (415 nm and 1140 nm) explaining 14%, GNDVI_4 (550 nm and 1140 nm) explaining 3%, RNDVI_1 (680 nm and 915 nm) explaining 35%, and RENDVI_3 (715 nm and 990 nm) explaining 6% of the variation in seed yield among cultivars (Table 8 ). The index model had an rMSE of 703 kg ha -1 and a dependent mean of 3208 kg ha -1
. Both models fit the data well and had error values under 25% of the dependent means. The blue, green, and red NDVI have been characterized heavily with yield estimation modeling as well as other plant functions in corn (Shanahan et al., 2001; Royo et al., 2003) , soybean (Ma et al., 2001) , and wheat (Prasad et al., 2007a (Prasad et al., , 2007b . Red-edge NDVI has not been characterized as well as the others, but Mourtzinis et al. (2014) found that including the red edge into soybean yield modeling, could increase the accuracy of the model. Also, in considering individual components of the index calculation, it is possible that the index is sensing overall plant health and photosynthetic capacity (red edge) while accounting for biomass and water status of the plant (990 nm). These assumptions are made about the 990-nm waveband region based on the position of the water absorption region of the soybean cultivars in this study (data not shown).
Validation of the yield estimation models was performed using the intercept and b parameters for each variable in the final model and creating yield estimations for each development-stage cultivar mean, environment mean, and maturity group mean (Table 7) . Estimates were based on the reflectance for each cultivar in that grouping; i.e., yield was estimated for MG 3 in A-Irr using the mean spectral (n = 20) reflectance for each cultivar in the MG 3 in the A-Irr environment. Overall, performance of the models was mixed. The models were more informative of MG 3 than MG 4 cultivar performance across development stages and environments, mainly due to the inability of the models to estimate yield among MG 4 cultivars in environments B-Irr, C-Irr-1, and C-Irr-2. Examining Tables  4 and 5 shows that analysis of reflectance values frequently failed to distinguish differences between MG 4 cultivars in these environments, especially in the NIR regions. The models performed best when estimating maturity group means, accounting for 85 and 80% of the yield for the waveband and index model among MG 3 cultivars and 71 and 69% for the waveband and index model among MG 4 cultivars, respectively. These results are most likely linked to environmental conditions changing through the growing season and environmental factors affecting the spectral data more on certain observation days, resulting in the environmental means being more stable than individual observations. Results also indicated that no obvious development stage was better for yield estimation than another.
Within a breeding program, it is important to group lines and genotypes by relative maturity when selecting promising genotypes to reduce selection bias that may be related to maturity differences. The cultivars in the yield estimation models presented in Fig. 3 have been placed into relative maturity groupings based on maturity estimates using the previously described waveband or index maturity models. Based on grand mean estimated maturities cultivars were grouped into three relative maturity groupings classified as early, medium, or late maturing. Each of these groupings had roughly a 10-d range in grand mean observed maturity. Also, the correlation between observed yield and observed maturity was 0.14 (P > 0.05), -0.36 (P < 0.01), and -0.42 (P < 0.01) for the early, medium, and late maturing groups, respectively.
Grouping the cultivars based on estimated maturity revealed that the waveband yield model (Fig. 3A) fitted the yield of the early-and medium-maturing cultivars more precisely (early R 2 = 0.55, medium R 2 = 0.48) than the Table 8 . Model summary for estimating yield using the waveband-only and index-only models with each parameter in the model, the amount of variation accounted for by each parameter, summary statistics of the model, and the model equation. overall model (Table 8 , R 2 = 0.44) when cultivars were not grouped by maturity. The waveband yield model, however, did not fit the later-maturing cultivars as well (R 2 = 0.18), possibly because the later-maturing cultivars had a longer seed fill duration after spectral reflectance data collection ceased, resulting in less precise yield estimates or inability of the maturity model to adequately predict maturity in later-maturing cultivars. Coupling the waveband yield model with the index maturity model resulted in yield estimation performance similar to that of the waveband yield and maturity models (Fig. 3B ) (R 2 values ranged from 0.22 to 0.55).
Combining the index yield model with either maturity estimation model increased precision of estimating yield (R 2 values ranged from 0.37 to 0.67) compared with not adjusting for maturity, or using the waveband yield model (Fig. 3C and  D) . As with the waveband model, the index model combined with the waveband and index maturity models performed well for the early-and medium-maturity groups but decreased in precision in the later-maturity grouping. Overall, the index yield model combined with either maturity model produced promising yield estimation results, and when coupled with the index maturity model, it estimated the yield of the later-maturing cultivars better than the other three model combinations without sacrificing precision in the other maturity groupings. Coupling the yield estimation models with a maturity estimation model increased precision in distinguishing yield of cultivars compared with the training models that did not account for maturity, except in the later-maturity grouping. Spectral data were not taken to senescence, which likely impacted our ability to adequately characterize the latermaturing cultivars for maturity and yield. The early-maturity grouping consisted of only six cultivars, which could have influenced model performance in predicting yield and maturity in that grouping compared to the later-maturity grouping which consisted of sixteen cultivars.
CONCLUSIONS
PLS variable selection was used to detect important spectral waveband regions contributing to soybean yield and reduce the spectral datasets to a manageable size for regression analysis. Most of the selected spectral waveband regions correlated with key biophysical and biochemical components proven to contribute to yield in many crops. In this study, VIS, red edge, and portions of the NIR as well as calculated vegetation indices based on these wavebands were important portions of the electromagnetic spectra, and creation of maturity and yield estimation models based on these waveband regions and indices accounted for a significant amount of the variability among soybean cultivar maturity groups and seed yield. No real differences were detected for wavebands or index calculations, as both accounted for a significant amount of variability in maturity and seed yield; however, the waveband models tended to be simpler than index models. Variability was high within and among development stages, water regimes, and environments for validation of training models. No trends were observed for specific development stages being best for maturity or seed yield estimation. Environmental factors such as weather, time of day, and others appeared to affect spectral reflectance tremendously and led the training models to perform better or worse on different validation datasets. Measurements may need to be taken longer into the growing season to fully assess the relative maturity of the cultivars. Performance of the canopy reflectance models for maturity and seed yield was not as consistent as hoped, but it accounted for a significant portion of variability among genotypes in maturity in some environments and in seed yield in most environments. The training models also had a low enough rMSE to distinguish the top 25% highest estimated yielding cultivars, but to capture the top 25% highest observed yielding, 50% of the cultivars would need to be selected.
This experiment demonstrated that canopy reflectance can be used to predict relative maturity and seed yield using a diverse set of soybean genotypes. These genotypes allowed for significant variation in model training datasets; however, experiments need to be conducted with genotypes that have less diversity to validate the models. Integrating spectral reflectance measurements into a high-throughput platform also is necessary before this technology can be adopted in breeding programs.
